[1] Amazon forests exert a major influence on the global carbon cycle, but quantifying the impact is complicated by diverse landscapes and sparse data. Here we examine seasonal carbon balance in southern Amazonia using new measurements of column-averaged dry air mole fraction of CO 2 (XCO 2 ) and solar induced chlorophyll fluorescence (SIF) from the Greenhouse Gases Observing Satellite (GOSAT) from July 2009 to December 2010. SIF, which reflects gross primary production (GPP), is used to disentangle the photosynthetic component of land-atmosphere carbon exchange. We find that tropical transitional forests in southern Amazonia exhibit a pattern of low XCO 2 during the wet season and high XCO 2 in the dry season that is robust to retrieval methodology and with seasonal amplitude double that of cerrado ecosystems to the east (4 ppm versus 2 ppm), including enhanced dilution of 2.5 ppm in the wet season. Concomitant measurements of SIF, which are inversely correlated with XCO 2 in southern Amazonia (r = À0.53, p < 0.001), indicate that the enhanced variability is driven by seasonal changes in GPP due to coupling of strong vertical mixing with seasonal changes in underlying carbon exchange. This finding is supported by forward simulations of the Goddard Chemistry Transport Model (GEOS-Chem) which show that local carbon uptake in the wet season and loss in the dry season due to emissions by ecosystem respiration and biomass burning produces best agreement with observed XCO 2 . We conclude that GOSAT provides critical measurements of carbon exchange in southern Amazonia, but more samples are needed to examine moist Amazon forests farther north. Citation: Parazoo, N. C., et al. (2013), Interpreting seasonal changes in the carbon balance of southern Amazonia using measurements of XCO 2 and chlorophyll fluorescence from GOSAT,
Introduction
[2] The Amazon basin plays a significant role in the global carbon cycle. Nearly half of all tropical biomass (120 Pg C) is stored in roots and trees, with 0.5 Pg C year À1 lost through deforestation and 0.6 Pg C year À1 gained by intact forests [Malhi et al., 2009, and references therein] . There is also significant interannual variability in carbon exchange, driven by changes in the biophysical state of rain forests during large-scale disturbances such as drought, which cause anomalies in the global growth rate of atmospheric CO 2 [Bousquet et al., 2000] . With vulnerability to drought stress expected to increase with climate change [e.g., Phillips et al., 2009] , Amazonian forests may play a more prominent role in modulating future increases of atmospheric CO 2 and, through radiative forcing, climate change [e.g., Cox et al., 2004] . However, there is still much uncertainty in our understanding of basin-wide carbon balance.
[3] In particular, seasonal patterns of net ecosystem exchange (NEE) measured from flux towers vary significantly across Amazonia, with weak seasonal cycles in the north at Manaus, stronger seasonality to east at Tapajos National Forest near Santarem and south at Jarú Reserve and Fazenda Maracai (SIN), and still stronger seasonality southeast of Amazonia (e.g., Pe DeGigante) (sites described in Keller et al. [2004] and Baker et al., [2013] and shown in Figure 1 ). These patterns predominantly follow vegetation and precipitation gradients [e.g., da Rocha et al., 2009] ; however, additional factors such as vegetation age, topography, and soil properties also influence NEE [e.g., Keller et al., 2004] . Ecosystem models and flux tower measurements of gross primary production (GPP) and ecosystem respiration have contributed greatly to our physiological understanding of seasonal carbon balance in Amazonia, but progress has been hindered by the limited spatial coverage and local nature of flux tower data.
[4] Advancing our understanding of the seasonal carbon balance requires a network for monitoring carbon fluxes at ecosystem scale. Measurements of atmospheric CO 2 provide such a constraint on NEE [Bousquet et al., 2000] . For example, aircraft measurements in eastern Amazonia help to quantify the underlying seasonal carbon balance, but only for eastern Amazonia [Gatti et al., 2010] . Dedicated measurements from new spaceborne instruments offer the potential to substantially improve sampling of Amazonia. The Greenhouse gasses Observing SATellite (GOSAT) has produced global retrievals of column-averaged dry air mole fraction of CO 2 (XCO 2 ) since June 2009 [Watanabe et al., 2010] . Ground based evaluation of XCO 2 has relied primarily on the Total Carbon Column Observing Network (TCCON). Although GOSAT XCO 2 has high noise, in general, there is good seasonal agreement at northern latitude sites and during dry season months at the tropical site in Darwin, Australia [Butz et al., 2011; Wunch et al., 2011] .
[5] Concurrent measurements of solar induced chlorophyll fluorescence (SIF) from GOSAT offer the potential to provide regional-scale constraints on GPP [Frankenberg et al., 2011a; Joiner et al., 2011] to better understand drivers of NEE variability. SIF is light re-emitted from chlorophyll receptors during photosynthesis and therefore offers a direct probe into the photosynthetic process [Damm et al., 2010] . Retrievals of SIF from GOSAT correlate strongly (r 2 = 0.80) with ecosystem-scale GPP from the Max-Planck-Institute for Biogeochemistry (MPI-BGC) GPP model model [Frankenberg et al., 2011b] , indicating that, on average, most of the photosynthesis that occurs during emissions of SIF also leads to carbon assimilation. It therefore appears that SIF has skill in detecting large-scale GPP changes, including the physiological effects of drought [e.g., Daumard et al., 2010] .
[6] While GOSAT represents a major improvement in the number of CO 2 observations in the lower tropical atmosphere, most soundings in the tropics are unusable due to the presence of clouds and aerosols [Crisp et al., 2012] . Consequently, data of the highest quality and quantity are located in southern portions of tropical South America, including transitional tropical forests in southern Amazonia and cerrado ecosystems to the southeast (map inset in Figure 1 ). According to Davidson et al. [2012] , these regions are uniquely different in terms of total annual precipitation and vegetation type. In general, region 1 is wetter and has a much larger fraction of tropical evergreen forest than region 2 to the east, which is predominantly cerrado. We therefore examine seasonal carbon balance in these unique but poorly sampled eco-regions through joint analysis of XCO 2 and SIF data from GOSAT. There are three main objectives: (1) quantify and evaluate robustness of seasonal XCO 2 variations across tropical eco-regions, (2) relate XCO 2 variability to underlying biology, and (3) examine the photosynthetic component of biological carbon exchange using SIF.
Methods
[7] Retrievals of XCO 2 are calculated from the NASA Atmospheric CO 2 Observations from Space Build 2.9 (ACOS b2.9) algorithm [O'Dell et al., 2012] . These data reproduce much of the expected global spatial and seasonal patterns of XCO 2 , including negligible global bias (~0.13 ppm) and 30% reduction in variance compared to previous versions [Osterman et al., 2011; Crisp et al., 2012] . ACOS b2.9 is corrected a posteriori for errors related to instrumental, observational, and geophysical parameters [Wunch et al., 2011] . To evaluate XCO 2 retrievals in Amazonia, we compare ACOS b2.9 to estimates from ACOS Build 2.10 (ACOS b2.10), RemoTeC (SRON-Netherlands Institute for Space Research/ KIT-Karlsruhe Institute of Technology) [Butz et al., 2011] , and NIES SWIR L2 V02 (NIES) . See auxiliary material for quality control procedures.
[8] Two steps are taken to relate XCO 2 variability in Amazonia to underlying biological processes. First, we compare XCO 2 to estimates of GPP from SIF (see below) to assess the empirical relationship between XCO 2 and underlying biology. Second, we run transport simulations in which a wide range of NEE estimates are used to drive the GEOS-Chem global transport model (see Nassar et al. [2010] for details). Model output is then compared to GOSAT XCO 2 . By accounting for long-range transport, we can assess which pattern of NEE is most consistent with observations.
[9] Details of SIF, including retrieval, methods, and sampling biases are given in SI. SIF is retrieved following Frankenberg et al. [2011a] . We estimate changes in GPP by scaling SIF using the slope of linear fit between SIF and model GPP in the global and annual average. Midday retrievals are converted to daily averages by scaling SIF by the cosine of the solar zenith angle, then aggregated to 2.5 0.83 in MPI, we find this technique gives estimates of seasonal change in GPP in Amazonia that is robust to the choice of calibration model and with reduced variance relative to models.
[10] Despite the potential of satellite measurements of SIF to deliver globally distributed information on GPP, we stress that SIF methods are still new, challenging, and uncertain. In particular, we assume GPP scales with SIF by the same linear factor at global scale. Furthermore, we are limited to clear sky snapshots, which leads to under sampling of thick clouds and smoky skies. This sampling bias may cause differences in observed and expected time averaged GPP due to sensitivity to total incoming radiation. Given these limitations, GPP is treated more as a correlative measure rather than an absolute estimate (i.e., the technique is better suited to address changes in GPP than absolute values).
Results
[11] Seasonal XCO 2 over Amazon eco-regions is plotted in Figure 1 . XCO 2 in tropical transitional forests (blue box, region 1) is plotted in blue; XCO 2 in cerrado ecosystems (red box, region 2) is plotted in red. XCO 2 has a similar seasonal phase in these regions, with highest mixing ratios in the dry season (~June-August) and lowest mixing ratios in the wet season (~November-February). However, the amplitude is twice as strong in region 1 (4 ppm compared to 2 ppm). Regional differences are most pronounced from September 2009 through March 2010, including the end of the dry season and most of the wet season, with XCO 2 in region 1 diluted by up to 2.5 ppm relative to region 2.
[12] With the exception of October and November 2010, these seasonal signals appear to be robust to measurement error. In particular, the seasonal amplitudes of regions 1 and 2 exceed the standard monthly error (≤1.0 ppm and 0.5 ppm, respectively), indicating the seasonal signal is statistically significant relative to monthly variability. In addition, regional signals, including difference between regions of 2.5 ppm during the 2009-2010 wet season, are robust to retrieval methodology, bias correction technique, quality control criteria, and specific soundings used ( Figure S2 ).
[13] The role of non-local processes such as long-range transport on XCO 2 variability in southern Amazonia is also examined in Figure 1 . We find that seasonal variations in region 2 tend to track changes in the Southern Hemisphere tropical zonal average to within 1 ppm for the entire period of record. This indicates that transport of background CO 2 has a strong influence on column variations in region 2. The same is generally true for region 1 during dry season and transitional months, suggesting background CO 2 also has a strong influence on the continental interior; however, XCO 2 is lower by 1-2 ppm from September 2009 to March 2010, indicating local processes contribute substantial variability in southern Amazonia during the wet season.
[14] Comparison of clear sky XCO 2 with SIF provides evidence that these local effects have biological origin. Figure 2a shows that XCO 2 is inversely correlated with SIF, and hence GPP, in region 1, with high XCO 2 corresponding to low GPP (and vice versa). Furthermore, XCO 2 is better correlated with GPP in region 1 (Figure 2a , r = À0.53, p < 0.001) than in region 2 (r = À0.34, not shown), and twice as sensitive to changes in GPP in region 1 (slope = À0.54 AE 0.06 ppm/g C m À2 d À1 and À0.26 AE 0.04
, respectively). The pattern for higher slope and correlation in region 1 is robust to retrieval product and bias correction technique except for NIES ( Figure S2 and Table S1 ), which excludes most wet season data due to strict quality control. Seasonal plots of GPP and XCO 2 (Figure 2b) show the inverse relationship is strongest through July 2010, after which GPP and XCO 2 increase together. The correlation improves slightly (r = À0.59) when months after July 2010 are ignored, suggesting another mechanism becomes dominant at this time.
[15] Sensitivity of XCO 2 to local surface processes requires a combination of ecophysiology and dynamical effects. In particular, NEE must be coupled locally with strong vertical mixing. Keppel-Aleks et al. [2011] show this latter condition is not satisfied in high northern latitudes due to the nature of the atmospheric circulation, which favors horizontal advection, causing non-local effects to dominate column variations. Trace gases in the tropical atmosphere, however, are generally well mixed by deep and persistent cumulus convection [e.g., Denning et al., 1999] . Consequently, variations in CO 2 forced at the surface by local carbon fluxes are rapidly mixed into the column.
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Oct09 Jan10 Apr10 Jul10 Oct10 Jan11 Figure 1 ) in region 1 to XCO 2 output from GEOS-Chem using NEE from the control experiment (blue dotted) and Experiment 5 (blue dashed, NEE experiments described in Table 1 ). Seasonal GPP from Figure 2a is plotted in green.
[16] We use GEOS-Chem to test this claim; and in addition, help quantify seasonal carbon balance in region 1. We first test the null hypothesis that long-range transport explains XCO 2 variability in region 1. In this control experiment, we prescribe global NEE, biomass burning, air-sea gas exchange, and fossil fuel following Nassar et al. [2010] but set carbon fluxes within tropical South America (all grid points north of 20 S) to zero. Seasonal XCO 2 output from GEOSChem is weakly correlated with observations in region 1 (r = 0.43, see Table 1 ), the slope of regression is not significant from zero (slope = 1.41 AE 0.77), and seasonal amplitude is strongly damped relative to observations (1 ppm versus 4 ppm, Figure 2b ), with a model excess of 2-3 ppm in the wet season and deficit of 1 ppm in the dry season. In contrast, GEOS-Chem is correlated with observations in region 2 (r = 0.60), with significant slope (1.172 AE 0.39) and most of the seasonal amplitude reproduced (1.5 ppm versus 2 ppm, not shown). These results suggest that transport dominates variability in region 2 but has a much weaker influence in region 1.
[17] In order to explain XCO 2 variability in region 1, we postulate that wet season carbon uptake and dry season efflux such as that reported from 3 years of flux tower data at Fazenda Maracai (SIN in Figure 1 ), a mature Brazilian transitional tropical forest site in the center of region 1 [Vourlitis et al., 2004] , are needed. We test this hypothesis using the same model setup as before except steady state NEE in region 1 is replaced with estimates of seasonal NEE reported in the literature. These estimates range from strongly seasonal, including wet season source and/or dry season sink and reversed patterns, to weakly seasonal, including year round source, steady state, and sink [Keller et al., 2004; Stephens et al., 2007; Baker et al., 2013] . We test a total of eight scenarios for NEE (Table 1) , assuming a constant flux of 1.7 g C m À2 d À1 (or 500 kg C ha À1 mo
À1
, representing average minimum and maximum NEE at the four sites reported by Keller et al., [2004] ) and that wet and dry seasons are either a source, sink, or in steady state.
[18] Correlation and slope of regression between observed and model XCO 2 are shown in Table 1 . In half the cases (Experiments 1, 4, 6, and 7), the correlation decreases relative to the control run and linear regression fails the Student's t-test on slope = 0, with the seasonal cycle reversed relative to observations when a wet season source and/or dry season sink is assumed (1, 4, and 7) . The best correlations emerge when a wet season sink and/or dry season source is assumed (2, 3, and 5, r = 0.6, 0.55, and 0.63, respectively) with slopes significant from zero and close to 1 (1.14 AE 0.38, 1.01 AE 0.40, and 0.83 AE 0.26). A visual comparison of observed and model variability (Figure 2b) shows our hypothesis of wet season uptake and dry season efflux (Experiment 5) is valid from July 2009 to August 2010 but is violated in October and November 2010, at which time observed XCO 2 increases but model XCO 2 decreases. Experiment 5 provides a much improved fit when these months are ignored (r = 0.93 and slope = 1.11 AE 0.12).
[19] We postulate that seasonal NEE driven by GPP is the primary source of XCO 2 variability through the middle of the 2010 dry season but that biomass burning in southeast Amazonia is the primary source of enhanced XCO 2 at the end of the 2010 dry season. Marengo et al. [2008] show that most drought years have increased forest fires due to extended periods of anomalously dry conditions. A major drought persisted through much of southern Amazonia in 2010, causing enhanced water stress throughout the dry season [e.g., Lewis et al., 2011; Lee et al., in review] . Measurements of Pollution in the Troposphere data show enhanced carbon monoxide in Amazonia (relative to the background) from August to October 2010 (see Figure S8) , indicating a biomass burning source. Finally, Chen et al. [2011] use MODIS active fire data to show the presence of forest fires in southeastern Amazonia. It is therefore likely that biomass burning explains high XCO 2 in October and November 2010, which occurs in regions 1 and 2 and in all retrieval products ( Figure S2 ). In addition, we attribute high XCO 2 variance in region 1 to transport from region 2 and reduced sampling coverage due to high aerosol loading (three samples in October 2010 versus 15 in October 2009).
Discussion and Conclusions
[20] We observe a distinct seasonal cycle in XCO 2 in southern Amazonia in clear sky conditions, with low mixing ratios in the wet season and high mixing ratios in the dry season. The seasonal phase resembles cerrado ecosystems to the east but the amplitude is twice as strong (4 ppm versus 2 ppm) due to the combination of deep vertical mixing with strongly seasonal GPP, creating local carbon imbalance with respiration. After accounting for the effects of long-range transport in GEOS-Chem, our results suggest that carbon is gained in southern Amazonia during the wet season and lost in the dry season. These findings are consistent with GPP and NEE measurements at Fazenda Maracai and Jaru. As this is a transitional forest with an extended dry season, it is likely that water limitation effects, including exacerbation of water stress during the 2010 drought, drive variations of GPP and NEE. Finally, we provide evidence that strong biomass burning during the 2010 drought contributes to enhanced XCO 2 at the end of the 2010 dry season. a NEE scenarios (column 1) are based on the sign of seasonal carbon exchange during the wet (Nov-Mar) and dry (Jun-Sep) season (column 2 and 3, respectively), where source represents a flux to the atmosphere (and vice versa).
Model XCO 2 is calculated by running non-NEE CO 2 fluxes as described in Nassar et al. [2010] and each NEE scenario through GEOS-Chem, sampling output at ACOS b2.9 soundings, and converting to XCO 2 using the ACOS averaging kernel. XCO 2 is then aggregated over region 1, averaged at monthly timescales, and detrended as in Figure 1 . Linear Pearson correlation coefficient (r) and slope of regression with 95% confidence interval (slope) are shown in columns 4 and 5, respectively, with results of Student's t-test on slope = 0 in parenthesis. Slopes greater than one indicate seasonal amplitude is underestimated (and vice versa).
[21] Without an extended record of data, however, the effect of seasonal and interannual variability is unclear. Additionally, the limited spatial coverage of GOSAT prevents examination of carbon dynamics in moist forests in northern Amazonia. Land surface models and flux tower measurements indicate much spatial heterogeneity in the Amazon carbon cycle due to strong gradients in annual precipitation, dry season length, and vegetation type. Because of this spatial and temporal variability, estimates of carbon exchange at annual and continental scales are unlikely to substantially improve our understanding of the role of Amazonia in the global carbon cycle. However, we are optimistic that disentangling seasonal and interannual effects will be possible over the next few years as the GOSAT record expands and additional dedicated CO 2 satellites such as the NASA OCO-2 become available. In addition, OCO-2 will have a much smaller footprint (~4 km), which will help see through clouds, and several orders of magnitude more measurements, which together should improve sampling of Amazonia.
[22] We use an ensemble approach to demonstrate robustness of the results to details of the XCO 2 retrieval algorithm, but we note these efforts do not constitute validation. Furthermore, there is significant scatter in XCO 2 , and because systematic sampling of clear sky conditions may introduce sampling biases exceeding 1 ppm (e.g., Corbin et al. [2008] and Figure S3 ), further examination of cloudy sky data is needed. Such problems should be alleviated by OCO-2. In addition, a TCCON site will be installed at Manaus in northern Amazonia in November 2013, which will greatly improve evaluation of tropical data. Despite these issues, it is encouraging to see that satellite XCO 2 is sensitive to local processes in southern Amazonia and potentially constrains estimates of land-atmosphere CO 2 exchange in this critical region.
